Abstract. Studies attempting to identify environmental risk factors for diseases can be seen to extract candidate variables from remotely sensed datasets, using a single buffer-zone surrounding locations from where disease status are recorded. A retrospective case-control study using canine leptospirosis data was conducted to verify the effects of changing buffer-zones (spatial extents) on the risk factors derived. The case-control study included 94 case dogs predominantly selected based on positive polymerase chain reaction (PCR) test for leptospires in urine, and 185 control dogs based on negative PCR. Land cover features from National Land Cover Dataset (NLCD) and Kansas Gap Analysis Program (KS GAP) around geocoded addresses of cases/controls were extracted using multiple buffers at every 500 m up to 5,000 m, and multivariable logistic models were used to estimate the risk of different land cover variables to dogs. The types and statistical significance of risk factors identified changed with an increase in spatial extent in both datasets. Leptospirosis status in dogs was significantly associated with developed high-intensity areas in models that used variables extracted from spatial extents of 500-2000 m, developed medium-intensity areas beyond 2,000 m and up to 3,000 m, and evergreen forests beyond 3,500 m and up to 5,000 m in individual models in the NLCD. Significant associations were seen in urban areas in models that used variables extracted from spatial extents of 500-2,500 m and forest/woodland areas beyond 2,500 m and up to 5,000 m in individual models in Kansas gap analysis programme datasets. The use of ad hoc spatial extents can be misleading or wrong, and the determination of an appropriate spatial extent is critical when extracting environmental variables for studies. Potential work-arounds for this problem are discussed.
Introduction
The use of geographical information systems (GIS) together with remote sensing and spatial analytical models is highly relevant to animal and public health research and its applications in said areas are quite broad in their scope ranging from real-time tracking/surveillance of animal diseases, risk assessment and in assessing prevention strategies for diseases. A plethora of recent studies in medical, veterinary and public health research have employed geospatial analysis to solve different problems (Durr and Gatrell, 2004; Meade and Emch, 2010) , and among them are some case-control studies that aim to identify risk factors of different diseases or health conditions from the surrounding environment. One among the many analytical methods employed to achieve this is through the extraction of environmental variables that are potential risk factors of a disease from data products of remotely sensed images (land cover/land use, elevation, soil survey), which in turn are modelled using logistic or other forms of regressions to estimate the strength of their association with case status. One can frequently find such studies to have extracted environmental variables from an area within one circular buffer zone (spatial extent) surrounding geocoded locations (Cringoli et al., 2004; Gibbs et al., 2006; Gouveia and Prado, 2010; Richards et al., 2010; Raghavan et al., 2011 Raghavan et al., , 2012a . Two or more spatial extents have also been used, although relatively sparingly (Ghneim et al., 2007; Charoenpanyanet and Chen, 2008; Mutuku et al., 2009) .
The use of a single buffer zone for conducting such studies could be problematic. It is widely recognised among ecologists that spatial patterns observed on a landscape, and therefore their representations in GIS datasets, are spatially dependent. In other words, many of the environmental objects represented as distinct (e.g. water bodies) or continuous features (e.g. precipitation) in a geographic dataset and their properties would vary dramatically over changes in distance and direction (He and Legendre, 1994; Jelinski and Wu, 1996; Wu, 2004) . Therefore, at different spatial scales, the measures of any particular phenomena in those datasets (e.g. total area, percent cover) will differ as well. It has been long recognised that among some of the methodological problems encountered when using geospatial analysis in general, including its application in spatial epidemiology, the most common are those that are associated with spatial scales (Fotheringham and Wong, 1991; Sexton, 2008) . The term "scale" has been used in multiple contexts to mean different concepts and their meanings are not interchangeable. A thorough review on the different usage of this term and their interpretations can be found discussed in Withers and Meentemeyer (1999) and Dungan et al. (2002) . In an ecological context, spatial scale could indicate two properties: spatial resolution, often referring to the degree of geographic detail or granularity in a dataset considered for a study, and spatial extent, which indicates the total size of a study area (Turner et al., 1989; Turner, 1990) , which will be the topic of interest in this study.
It has been known for almost a century now that when data from one spatial extent is progressively aggregated into fewer and larger extents for analysis, variation in statistical results will occur. This problem is called the modifiable areal unit problem (MAUP) (Gehlke and Biehl, 1934; Openshaw, 1984; Jelinski and Wu, 1996) and currently there is no work-around for fully avoiding its effects and a general solution may be considered elusive (McMaster and Sheppard, 2004; Paez and Scott, 2004) . Many mitigation strategies for MAUP have been proposed; however many such solutions are context specific (Parenteau and Sawada, 2011) and may not be directly relevant to environmental risk factor analysis for diseases. The use of more than one biologically relevant spatial extent and sensitivity analysis of variables derived from those spatial extents has been advocated instead of attempting to correct for MAUP (Fotheringham, 1989) or choosing spatial extents for a study in an ad hoc manner.
In order to evaluate the effects of MAUP on environmental risk factor analysis for diseases, a case-control study using canine leptospirosis data from the Kansas and Nebraska region and spatial variables from two environmental datasets, the National Land Cover Dataset (NLCD) (MRLC, 2013) and Kansas gap analysis programme (GAP) (KARS, 2011), was conducted. The associations between canine leptospirosis and many environmental variables in North America have been well documented, including newly urbanised areas (Ward et al., 2004) , urban areas (Raghavan et al., 2011 (Raghavan et al., , 2012a , and water bodies and wetland areas (Ghneim et al., 2007; Raghavan et al., 2012b) . Cultivated agricultural land (Kuriakose et al., 1997) , forest and wooded areas (Zhang, 1988; Nuti et al., 1993) , and the act of working in flooded agricultural field and forests (Sharma et al., 2006; Kawaguchi et al., 2008) have also been shown to be significantly associated with canine or human leptospirosis status from other parts of the world. Many of these environmental factors are available either directly or in a modified form in the NLCD and Kansas GAP datasets for the study region.
The objective of this study was to test if varying spatial extents (MAUP) changed the types and statistical significance of environmental risk factors of canine leptospirosis derived from land cover/land use datasets. Common mitigation strategies for avoiding MAUP are discussed and recommendations for mitigating MAUP in the context of environmental risk factor analysis for diseases are presented.
Materials and methods

Case selection
Medical records of all dogs from Kansas and Nebraska that had urine polymerase chain reaction (PCR) testing for leptospirosis performed at the Kansas State University Veterinary Diagnostic Laboratory (KSVDL) between February 2002 and December 2009 were retrospectively reviewed. When available, additional information was included, specifically results of serology and urine culture for leptospirosis. A case was defined by a positive PCR test and/or one of the following results: isolation of leptospires on urine culture, a single reciprocal serum titer ≥12,800, or a four-fold rise in the reciprocal convalescent serum titer. Thus, any of these outcomes was considered sufficient to indicate leptospirosis in the dog. If the urine PCR was negative and the reciprocal serum titers were <400, the dog would be deemed a control animal.
Molecular diagnostic testing
Urine samples for PCR were handled for DNA isolation as previously reported (Harkin et al., 2003a) . DNA samples were subjected to the semi-nested, pathogenic Leptospira PCR assay described by Woo et al. (1997) that amplifies a conserved region of the 23S rDNA, with minor modifications. A unique Taqman probe was incorporated to distinguish pathogenic Leptospira from saprophytic serovar varieties of this spirochete. This test has been commercially available through the KSVDL since 2002.
Serological testing
The microscopic agglutination test was performed on all blood samples submitted to the KSVDL for leptospiral serological testing. The test was performed for serovars Canicola, Bratislava, Pomona, Icterohemorrhagiae, Hardjo and Grippotyphosa.
Leptospiral culture
Urine culture was performed by inoculating 1 ml of urine obtained by cystocentesis immediately into 10 ml of liquid Ellinghausen-McCullough (EM) media, gently vortexing this inoculation and transferring 1 ml of this into another 10 ml of liquid EM media. One milliliter of each dilution (1:10 and 1:100) was then subsequently inoculated into separate 10 ml of semisolid EM media. All tubes were incubated at 30 °C in an ambient atmosphere incubator and evaluated for evidence of growth weekly.
Demographic information
Medical records were reviewed to obtain the following information: the patient's age, rounded up to the nearest month, at the time of sample submission; the date of sample submission; and the client's street address at the time of sample submission.
Geocoding
For the purposes of this study, it was assumed that dogs spent most of their lives with their owner's residences since the information regarding their movement was difficult to obtain and when available such information was based on the subjective recollection of their owners, a potential source error. Household addresses with information pertaining to house number, street, city, state and zip code were provided by clients at the time specimens for leptospirosis testing were submitted. Addresses were retrospectively verified for their accuracy either by using MapQuest (Map Quest; America Online, Denver, USA) or Google Maps (Google Inc.; Mountain View, USA) and/or calling telephone numbers provided by clients. Geographic coordinates for these addresses were derived using a Geocode tool in ArcMap (version 9.3 
Projection and data storage
All GIS data used in this study were projected (or reprojected from their original spatial reference) in USA Contiguous Equal Area Conic Projection that is based on the Geographic Coordinate System North American 1983 Geographic Datum. The choice of projection system was influenced by the types of spatial analysis performed as it was essential to maintain accurate area measurements of land cover types surrounding case/control locations. All original, intermediate and processed GIS data were stored in a SQL Server (version 2008) (Microsoft Corporation, Redmond, USA) and ArcSDE (version 9.3.1) (Environmental Systems Research Institute, Redlands, USA).
Host factors
Observations were grouped into five age groups <1 years, 1-4 years, 4-7 years, 7-10 years and >10 years; two sexes and individual breeds were kept without grouping as a categorical variable.
Land cover variables
The publicly available 2001 National Land Cover Dataset (NLCD) (MRLC, 2013) (Homer et al., 2007; Wickham et al., 2010) for the study region was obtained from the United States Geological Survey (USGS) in a raster grid format. Land cover grids surrounding individual case/control locations were extracted from the raster dataset using 5,000 m polygon buffers, and converted to polygon area features in ArcMap. Ten incremental circular buffers each of 500 m were then constructed around individual case/control locations that represented different spatial extents up to a maximum distance of 5,000 m. The buffers were overlaid with NLCD data one incremental buffer at a time, and the area of land cover types within each buffer was computed (Fig. 1) . The area of different land cover type within individual buffers was divided by the total area of the respective buffer to generate percent land cover values. The process of quantifying cumulative land cover percentages was automated using a geoprocessing script written in the Python 2.4 scripting language in ArcMap.
Land cover percentages surrounding case/control locations at incremental distances were also derived using Kansas GAP data (KARS, 2010) with case/control locations located completely within Kansas. Land cover information surrounding case/control locations within the state of Nebraska was publicly available in the form of a GAP dataset (NE GAP, 2010); however, a separate analysis with Nebraska data was not conducted due to concerns of potential over-fitting of logistic models with fewer cases (n = 27) and controls (n = 29) in relation to the total number of land cover variables (n = 16).
Statistical analysis
All statistical procedures were performed using the R statistical package (R Core Development Group, 2011) , and all numerical data were originally stored and organised for statistical analysis in Microsoft Excel 2010 (Microsoft Corporation, Redmond, USA).
The effect of host factors including age group (<1 year as reference category), sex (female as reference category) and breed (unknown breed as reference category) were analysed individually by fitting univariable logistic regressions.
Odds ratios (ORs) and their 95% confidence intervals (CIs) derived using logistic regressions were used to determine the risks associated with land cover variables to dogs. Land cover variables extracted from NLCD and KS GAP datasets were grouped separately (Table 1 ) and analysed independently in two separate steps. Observations of all land cover variables were kept in their original measurement units (percentages) in a continuous format. Land cover variables within 500 m incremental distances were screened for their association with leptospirosis by fitting univariable logistic regressions and care was taken not to eliminate variables deemed to be clinically important (Hosmer and Lemeshow, 2000) , and variables with a significance level of P <0.1 were selected for further analysis. A multicollinearity test was conducted among screened variables by estimating the variance inflation factor (VIF) (variables with a VIF >10 considered to indicate multicollinearity) (Dohoo et al., 2003) . Multivariable stepwise logistic regression models (both directions) were fitted using a significance level, P = 0.05 for variable entry and P >0.1 for a variable to be removed from the model. All models were ranked using Akaike information criterion (AIC) value and the model with lowest AIC value was deemed to be the best fitting model. The model performance was measured using deviance χ 2 goodness-of-fit test (P <0.05 indicates poor fit), and the model predictive ability was measured using the area under receiver operating characteristic curve (AUC) value. Confounding effects of host factors, age group of dogs (<1-year-old as reference category), sex (female as reference category), and breed on land cover variables were estimated by including them one at a time in the final logistic model. If such inclusion changed the coefficients of land cover variables by at least 10% or more, then the adjusted ORs were recorded from those models. The univariable screening, multivariable stepwise modelling, and checks for host-factor confounding were repeated with variables within each spatial extent and a total of 10 models for NLCD and 10 models for KS GAP datasets were derived. A Monte Carlo test based on the empirical variogram of residuals and their spatial envelopes (generated by permutations of data values across spatial locations) was used to check for residual spatial autocorrelation using the geoR library of R Statistical Package 2.11.1 (Ribeiro and Diggle, 2001; Ribeiro et al., 2003) .
Results
There were 94 dogs identified as cases based on a positive PCR (n = 90 dogs), isolation of leptospires from the urine (n = 1), a single reciprocal titer ≥12,800 (n = 2), or a four-fold rise in serum reciprocal titers (n = 1) and for which geographic coordinates could be obtained. There were 185 control dogs that had a negative PCR and a reciprocal serum titer of <400 and for which geographic coordinates could be obtained. Since the time this study was conducted, all dogs diagnosed by PCR were found to be infected with serovar Grippotyphosa based on evaluation of variably numbered terminal repeat sequences (unpublished data). Dogs' age group, sex and breed were not significantly associated with leptospirosis status. Forest/woodland (maple -basswood forest; oak -hickory forest; post oak -blackjack oak forest; pecan floodplain forest; ash -elm -hackberry floodplain forest; cottonwood; floodplain forest; mixed oak floodplain forest; evergreen forest; disturbed land; bur oak floodplain woodland; mixed oak ravine woodland; post oak -blackjack oak woodland; cottonwood floodplain woodland; deciduous woodland); shrubland (sandsage shrubland, willow shrubland, salt cedar or tamarisk shrubland); prairie (tallgrass prairie, sand prairie, western wheatgrass prairie, mixed prairie, alkali sacaton prairie, shortgrass prairie, salt marsh/prairie, low or wet prairie); marsh (freshwater marsh, bulrush marsh, cattail marsh, weedy marsh); conservation reserve programme; cultivated land; water; and urban areas. and 185 controls evaluated in this study, a majority had their physical addresses located in the major cities of the region. All remaining cases and controls had rural addresses or they were from smaller cities in the study region (Table 2) . Statistical distribution of percentage area occupied by different land cover types in NLCD and Kansas GAP datasets within incremental spatial extents are presented in Figs. 2 and 3 , respectively (distributions of only those variables that were significantly associated with case status in this study are present). Two aspects of these distributions can be noticed. First, the median values of some land cover features (e.g. different urban areas) decrease with an increase in distance and other features (e.g. agriculture, forest/woodland) increase with distance. Second, a noticeable difference in the statistical distribution among variables can be seen at some spatial extents but only minimal or no differences at other spatial extents. For instance, the differences in distribution for high density urban area for cases and controls are readily evident at smaller distances up to 2,000 m and then the difference tapers off beyond that point. These aspects of variable distribution show an overall change in the spatial composition for land cover variables as a function of distance, in addition to their differences surrounding case/control locations.
Results of the multivariable logistic regression with NLCD land cover variables (Table 3 ) indicated changes to the statistical significance and types of risk factors identified as the spatial extents increased around cases/controls. Dogs were at a significantly higher risk from land cover areas represented by developed high intensity areas at all spatial extents up to 2,000 m. However, developed medium intensity was the only land cover feature statistically significant when the spatial extent reached 2,500 m and up to 3,000 m. From 3,500 to 5,000 m evergreen forests was only the significant land cover feature (Fig. 4) . Similarly, the results of the multivariable logistic regression with Kansas GAP land cover variables (Table 4 ) revealed changes to the statistical significance and types of risk factors identified as the spatial extents increased around cases/controls. Dogs were at a significantly higher risk from land cover areas represented by urban areas for all spatial extents surrounding their homes up to 2,500 m. Forest and woodland areas was the only significant land cover feature when the spatial extent reached 3,000 m and up to 5,000 m surrounding their homes (Fig. 5) . No other NLCD or Kansas GAP land cover variables were found to significantly improve the model fit when added to individual models. Host factor effects of age, gender and breed did not change the estimates of land cover variables more than 10%. The deviance goodness-of-fit test did not indicate serious model inadequacies at incremental spatial extents, and non-linearity in logit and residual autocorrelation were not noted for any models.
Model performance measured by the AUC value (for all NLCD and KS GAP models derived at incremental spatial extents) did not reveal serious flaws in model predictive ability. In terms of AUC, models in both NLCD and KSGAP categories performed moderately better when variables from spatial extents in the range of 2,000-3,000 m were used. However, the difference between the weakest performing model (0.67 at 3,500 m) and the strongest performing model (0.78 at 2,000 and 2,500 m) for NLCD and, the difference between the weakest performing model (0.72 at 5,000 m) and strongest performing model (0.83 at 2,500 m) for KS GAP variables were identical and was only a moderate 0.11. No obvious trend in AUC values with changing spatial extents could be observed (Fig. 6) , although the estimates of significant variables retained in those models differed.
Discussion
The primary objective of this study was to detect if risk factors derived using candidate variables from ad hoc spatial extents changed due to the sizes of those spatial extents, and the results have confirmed such an effect. The relationship between land cover/land use and geographic distance is innate, and the noted changes in this study are potentially a reflection of the changes to the proportions and overall composition of land cover areas found within those spatial extents. Not only newer land cover types appear when spatial extents increase, also properties such as patch fragmentation, complexity, land cover/land use size and shape can greatly vary with changing spatial extents (Turner et al., 1989; Wu et al., 1997) . This study has revealed that ad hoc spatial extent(s) could undermine the robustness and reliability of estimated model metrics, and limit the comparability of risk factors derived from different spatial extents. Furthermore, ad hoc spatial extent(s) could potentially result in finding biased associations, leading to incorrect disease risk factors and possibly the failure to detect important risk factors as well. While many studies have used synthetic data to demonstrate MAUP effects under different contexts (e.g. Amrhein, 1991; Saura-Martinez, 2001; Swift et al., 2008) , the unique contribution of this study is the demonstration of spatial extent induced MAUP on environmental risk factors associ- Table 4 . Results of multivariate logistic models fit within incremental distances from dogs' residences for Kansas GAP (Gap Analysis Program) land cover features associated with leptospirosis status in the study region (n = 68 cases, 156 controls).
a Continuous format, presented as percentage areas within incremental distances from dogs' residences. Host factors (age, sex, breed) were kept as categorical variables when final multivariable models in each spatial extent were tested for confounding (none found) ated with disease diagnostic data received at a diagnostic facility. The choices of ad hoc spatial extents that researchers commonly choose could be influenced by several factors, ready access to spatial analysis toolssuch as the buffer analysis tool, relative convenience that such buffer features provide in terms of geospatial analysis and presentation, and also possibly a general lack of awareness of MAUP when conducting spatial analysis. Justifications for such choices are seldom provided in the literature. It is indeed difficult to determine a spatial extent that is agreeable for everyone but on the other hand, many landscape ecological studies have repeatedly shown that spatial extents do determine the range of patterns and processes that can be detected on a landscape, and have cautioned researchers of the uncertainties associated with spatial extent changes (Turner et al., 1989; Fotheringham et al., 1991; Wu, 2004) . Space and therefore land cover/land use are continuous phenomena and drawing any discrete boundaries over them to extract meaningful data will introduce complications. This can be seen when studying a disease such as canine leptospirosis (recorded predominantly in urban settings) that at shorter distances the physical environment surrounding case-control locations will be dominated by variables representing the built environment, while others, such as forest and woodland areas may be seldom found and yet quite relevant (Fig. 1) . A change in study area also alters the biological perspectives of a researcher since such changes are typically accompanied by changes to habitat area, habitat quality in terms heterogeneity and fragmentation. Therefore, choosing an appropriate spatial extent must be considered as a critical component of a study design.
MAUP is usually encountered when employing data that are extracted from different resolutions of spatial data (often broadly referred to as scale effect), and also due to differences in how spatial partitioning of a study region is made (zonal effect). Scale effects are expressed not only due to changes in resolution but also the extent of spatial data used in a study (Turner et al., 1989; Wu et al., 1997) . Unlike most of the earlier demonstrations of MAUP by other researchers, the findings shown in this study are a result of scale effect on MAUP, particularly due to the spatial extent component of scale, not resolution. As the spatial extent gradually increases, the percent land cover values (represented by point locations of disease status) are progressively aggregated, affecting the scale of the analysis. Comprehensive discussions on different manifestations of MAUP can be found in Openshaw and Taylor (1979); Fotheringham and Wong (1991) . Most discussions in the epidemiology literature regarding MAUP can be found within the realm of health data associations with socio-economic variables, often obtained from census data that are aggregated over arbitrary areal units such as zip codes or counties (zonal effects). In such circumstances, researchers have no control over how variable aggregations are made and/or how those areal units are determined. However, when MAUP is encountered due to spatial extent effects, then it may be possible to make biologically meaningful choices for the size of study area during the experimental design phase of a study.
Given that MAUP is difficult to overcome and a problem that appears to be here to stay, considerable research has focused on finding ways to mitigate its effects; although, many of the recommended approaches/work-arounds are very context specific and have mostly concentrated on zonal effects (Amhrein, 1995; Wu et al., 1997; Swift et al., 2008) . The simplest way out of MAUP is for researchers to use individual level data (often referred to as basic units in the literature) since MAUP is a product of aggregation and scale dependence (Openshaw, 1984; Fotheringham, 1989) . However, this may not be feasible for most situations considering the unlikely availability of such data due to privacy concerns, and is certainly not relevant to overcome the situation being discussed in this study. Openshaw (1984) in one of his four solutions to MAUP stated that MAUP will not be a predicament if researchers agreed to "objects of geographical enquiry". In other words, the focus may be placed on identifying an appropriate spatial scale that may limit the impacts of MAUP. However, it may not always be possible to identify an appropriate scale (in this case spatial extent) that would capture all the drivers of a disease such as canine leptospirosis. This can be seen from disparate studies that have shown a range of different environmental factors that are normally separated by some distances like urban areas and forest/woodland areas to be risk factors for canine leptospirosis (Ward et al., 2004; Raghavan et al., 2011; 2012a) .
The use of an "optimal" spatial extent has been advocated by many in the past (Moellering and Tobler, 1972; Openshaw, 1977 Openshaw, , 1978a Openshaw, , 1978b Openshaw, , 1984 where the goal is to artificially create a geographical structure with spatial units that has high inter-zonal variation and low intra-zonal variation. This approach has later been expounded by others using automated zoning procedures (Martin, 2001; Cockings and Martin, 2005; Haynes et al., 2007; Parenteau and Sawada, 2011) . The problem with this approach however is that the determination of an optimal spatial extent even if they are computationally derived for studying disease systems could be very challenging and incomplete, considering the potential for multiple transmission pathways operating at different spatial scales and complex host and pet owner movement behaviour. Besides being limited due to its subjective nature (no one "optimal" spatial extent may be agreed upon by everyone), this method is not very practical since it is hard to define an optimal spatial extent for all the variables involved in a study (Fotheringham, 1989) .
A different work-around, originally proposed by Openshaw and Taylor (1981) and later developed by Fotheringham (1989) appears to be particularly suitable for situations similar to that demonstrated in this study. Here, it is suggested not to attempt correcting MAUP itself but to acknowledge its presence in a study and instead report the sensitivity of variable relationships due to scale changes. Presumably, more faith can be placed on variables (and thereafter risk factors) that are more stable than others; and in addition this would allow researchers to first understand the magnitude of MAUP in their results, and to draw appropriate generalizations from model results prior to communications with policy makers. Openshaw (1984) recommends picking several progressively larger spatial extents for a phenomena being studied. Jelinski and Wu (1996) reasoned that, in general, observed spatial patterns in natural systems may result from factors that exert influence from multiple scales with some more obvious at some scales and others at different scales. Therefore, hierarchy theory may be useful in creating a framework for selecting spatial extents (O'Neil and King, 1998; Svancara et al., 2002; Farnsworth et al., 2006) . Depending upon the cause of MAUP (zonal versus scale) encountered in a study, different quantification methods have been suggested in the literature for conducting sensitivity analysis and methods to identify trends that may be present due to MAUP (Knudsen and Fotheringham, 1986; Fotheringham and Wong, 1991; Jelinski and Wu, 1996) . If trends are present, then conclusions can be drawn based on stable variables, and when they are absent different spatial extents may be chosen or other design considerations could be made (Haynes et al., 2007) .
Appropriate spatial extents to include in a study may be explored visually using a GIS platform as a first step. Such geo-visualization could help in detecting spatial variations among candidate variables and their relationships with respect to scale changes, and to determine the spans of spatial extents (Nelson, 2001) . Modern GIS software programmes are capable of providing exploratory spatial data analysis capabilities including uni/multivariate analytical methods that could also be useful in this process (Anselin et al., 2006; Parenteau and Sawada, 2011) . GeogDetector (Wang et al., 2010; Wang and Hu, 2012) , a software programme that uses spatial variance analysis to compare spatial consistency of disease distribution versus the geographical strata of environmental variables is a promising tool that could be applied to overcome MAUP effects due to changing spatial extents as well.
Conclusions
Statistical significance of disease risk factors derived using variables from spatial datasets are subject to changes to spatial extent, a problem referred to as MAUP, and there may be policy implications if recommendations are made based on spatial epidemiological studies that ignore MAUP. A single spatial extent may not be adequate to capture scale-dependent risk factors of disease mechanisms. Potential work-around for MAUP include, but are not limited to the selection of spatial extents based on a visual analysis of spatial data in a GIS programme, and consideration of host/vector behaviour and their movement patterns, followed by sensitivity analysis of variable relations across multiple scales. We recommend studies employing spatial analysis methods to report results from all spatial extents to allow cross-comparisons with other studies.
